During follow-up (median 9.2 years) of the control arm subjects, 1040 lung cancers occurred. During follow-up of the external validation sample (median 3.0 years), 213 lung cancers occurred. For models 1 and 2, bootstrap optimism-corrected receiver operator characteristic area under the curves were 0.857 and 0.805, and calibration slopes (model-predicted probabilities vs observed probabilities) were 0.987 and 0.979, respectively. In the external validation sample, models 1 and 2 had area under the curves of 0.841 and 0.784, respectively. These models had high discrimination in women, men, whites, and nonwhites.
Lung cancer is the leading cause of cancer death in North America and worldwide (1) (2) (3) . Accurate lung cancer prediction might help reduce lung cancer mortality by motivating current smokers to quit and by identifying current smokers at high risk who might benefit from intensive smoking cessation programs. Clinicians might consider increased monitoring of patient behaviors and health based on lung cancer risk. Lung cancer chemoprevention trials can be made more efficient by increasing enrollment of high-risk individuals, and if effective chemoprevention is discovered, it should be more cost-effective if applied to high-risk individuals. Recently, the National Cancer Institute announced that the National Lung Screening Trial (4) found that low-dose computed tomography screening statistically significantly reduced lung cancer mortality by 20% in high-risk individuals (5) . Cost-effective adoption of computed tomography lung cancer screening programs will require identification and application of such programs to high-risk individuals. Thus, accurate lung cancer risk prediction models would benefit patients, clinicians, researchers, and public health administrators.
Several lung cancer risk prediction models have been proposed (6) (7) (8) (9) (10) (11) (12) (13) . However, some limitations of these models are a restricted number of potential predictors, generally low overall predictive performance, and methodological limitations. Predictor variables in existing models include age; cigarette smoking history; secondhand smoke exposure in never-smokers (10) ; history of bronchitis, emphysema, or pneumonia (9) ; asbestos exposure (8) ; and family history of lung cancer (11) . Several factors associated with lung cancer in epidemiological studies might also be useful for prediction, including socioeconomic status (14) , body mass index (BMI; weight in kilograms per height in meters squared), and recent history of chest radiograph (15) . Lower socioeconomic status has been associated with increased lung cancer risk in many countries, including the United States, Canada, the Netherlands, and China
Introduction
Identification of individuals at high risk for lung cancer should be of value to individuals, patients, clinicians, and researchers. Existing prediction models have only modest capabilities to classify persons at risk accurately.
Methods
Prospective data from 70 962 control subjects in the Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (PLCO) were used in models for the general population (model 1) and for a subcohort of ever-smokers (N = 38 254) (model 2). Both models included age, socioeconomic status (education), body mass index, family history of lung cancer, chronic obstructive pulmonary disease, recent chest x-ray, smoking status (never, former, or current), pack-years smoked, and smoking duration. Model 2 also included smoking quit-time (time in years since ever-smokers permanently quit smoking). External validation was performed with 44 223 PLCO intervention arm participants who completed a supplemental questionnaire and were subsequently followed. Known available risk factors were included in logistic regression models. Bootstrap optimism-corrected estimates of predictive performance were calculated (internal validation). Nonlinear relationships for age, pack-years smoked, smoking duration, and quit-time were modeled using restricted cubic splines. All reported P values are two-sided. (14) . High BMI has been inversely associated with lung cancer in several studies (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) . Chronic obstructive pulmonary disease (COPD), respiratory illnesses, and chronic inflammation play a role in carcinogenesis (26) (27) (28) , including lung carcinogenesis (29) (30) (31) (32) , and may explain the observed association between recent chest x-ray and lung cancer (15) .
The aim of this study was to produce improved lung cancer risk prediction models by incorporating a wider range of lung cancer risk factors than in past models, using a prospective study design, and evaluating nonlinear effects using improved statistical methodologies. The models are based on data collected in the Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial (PLCO), a randomized clinical trial, which is studying whether selected screening modalities reduce respective cancer mortality rates. Models were prepared for the entire PLCO control arm participants and for control subjects from the PLCO who were eversmokers (former or current smokers). The incremental value of adding detailed smoking, nonsmoking variables, and nonlinear terms to simpler prediction models was evaluated by comparing receiver operator characteristic areas under the curve (ROC AUC). External validation was carried out using a subset of individuals in the PLCO intervention arm.

Study Design
Data for this study came from the PLCO trial, which has been reported previously (33) (34) (35) . The PLCO is a 10-site randomized screening trial, which began enrolling participants in November 1993 and completed recruitment of 154 938 subjects in June 2001. Subjects at study entry were men and women aged 55-74 years who were thought to be free of the cancers under study. The screening intervention for lung cancer consisted of four annual posterioranterior chest radiographs. Control subjects received regular care as recommended by their physicians. A baseline epidemiological questionnaire was administered at enrollment and a supplemental questionnaire (SQ) was administered during [2004] [2005] . The PLCO received institutional review board approval from all sites and, informed consent was obtained from each participant.
To avoid possible effects of overdiagnosis bias (36, 37) , models were developed using PLCO control subject data, which included data from 77 461 individuals. Individuals who did not complete the baseline questionnaire (n = 3091), who had cancer before study entry (3405), or who dropped out of the study just after being assigned a study identification number (n = 3) were excluded from the current study, leaving 70 962 individuals eligible for study.
Statistical Analysis
Logistic regression models were prepared for prediction of lung cancer in the entire PLCO control arm (N = 70 962) and in the subcohort of ever-smokers (N = 38 254). Potential predictor variables, including sociodemographic, medical history, and exposure risk factors, were selected by review of the scientific literature. (14, 15, 18) . Regarding sex and race/ethnicity, some data indicate that black men are at higher risk of lung cancer compared with other sex-race groups (38) (39) (40) , and we evaluated this association in our prediction models. Data were not available for some lung cancer risk factors, such as asbestos, radon, or secondhand smoke exposures. Backward model reduction removed only variables having very small or implausible effects (P > .20). To minimize overfitting of models, no exploratory search beyond the a priori predictors was carried out, and no additional subset exploratory analyses were conducted.
Nonlinear effects of continuous variables were evaluated using restricted cubic splines (41) . The number and location of knots used to fix splines in modeling followed the recommendations of Harrell (41) and Steyerberg (42) . Interactions of variables in final models were evaluated by the likelihood ratio test. To enhance the simplicity and utility of the models, it was decided a priori to include interaction terms only if the global significance level for interactions was statistically significant if P was less than or equal to .05.
CONTEXTS AND CAVEATS
Prior knowledge
Current lung cancer risk prediction models are hampered by a restricted number of potential predictors, generally low overall predictive performance, and methodological limitations.
Study design
Data on socioeconomic variables, medical history, and smoking history from 70 962 control subjects in the Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (PLCO) were used to test predictive models for the general population and a subcohort of ever-smokers. The models were externally validated in follow-up of 44 223 PLCO intervention arm participants.
Contribution
Both models demonstrated high predictive accuracy when applied to the external validation sample. Predictive accuracy remained high for subsamples of women, men, whites, and nonwhites separately. Sex and race/ethnicity did not appear to be important predictors of lung cancer risk.
Implications
Accurate lung cancer prediction might help reduce lung cancer mortality by motivating current smokers to quit and by identifying high-risk individuals who might benefit from intensive smoking cessation programs and chemoprevention.
Limitations
The models may not be generalizable to other populations because the PLCO study participants were on average of higher socioeconomic status than the general population, and the external validation sample came from the same referent population as the model development sample. Data on exposure to radon, asbestos, secondhand smoke, occupational carcinogens, and history of adult pneumonia were not available for analysis.
From the Editors
Overall model performance was evaluated with Nagelkerke's pseudo-R 2 statistics (41, 42) . The models' ability to discriminate (classify correctly) was assessed using the ROC AUC or the equivalent concordance statistic (c statistic) (42, 43) . Model calibration (correspondence between model-predicted probabilities and observed probabilities) was assessed by the Hosmer-Lemeshow goodness-of-fit test and evaluating how much the slope of the calibration line (plotting the predicted probabilities vs the observed probabilities) deviates from the ideal of 1.0. The mean absolute error and 90th percentile absolute error in calibration were statistics used to appraise calibration, with error referring to the difference between the observed values and the bias-corrected calibrated values. Gail and Pfeiffer (44) found that in screening applications, discrimination is more important than calibration and, in interpretation of model performance, priority was given to discrimination. Whether one or more predictors substantially improve prediction were tested by evaluating whether the ROC AUC difference equaled zero in nested models.
Internal validation of models was carried out by correcting measures of predictive performance for "optimism" or overfit by using bootstrap methods in the rms packages (version 3.1-0) in R using 200 resamplings (41) . An external validation cohort was established consisting of PLCO intervention arm subjects who were thought to be lung cancer free when they completed the SQ. Follow-up for this cohort began when individuals completed the SQ. Models developed in the control arm subjects were tested to see how well they discriminated in the post-SQ intervention arm cohort. Because the follow-up times differed substantially between development and validation cohorts and thus the cumulative incidence (lung cancer risk) differed between the two groups, calibration was not assessed in the latter. Data for all variables tested in the external validation cohort came from the SQ except for education, COPD, and chest x-ray in the past 3 years, which came from the baseline questionnaire.
Cox proportional hazard models were prepared for comparisons with logistic regression models. Proportionality was verified graphically by plotting 2ln{2ln(survival)} curves vs ln(analysis time) and inspecting whether lines were parallel. The hazard ratios and odds ratios from corresponding models were compared. Models, statistics, and figures were prepared using Stata/MP 11.1 (StataCorp, College Station, TX) and R (version 2.11) (45) statistical programs. All reported P values are two-sided.
Results
The PLCO control arm participants had a mean age of 62.6 years ( Table 1) . Lung cancer occurred more frequently in older individuals; men; African Americans; and in individuals with lower education, a family history of lung cancer, COPD, or lower BMI; and in those who had smoked more cigarettes per day or for longer durations (Table 1) . Lung cancer risk increased from never to former to current smokers (former vs never: odds ratio = 7.34, 95% confidence interval [CI] = 5.77 to 9.35; current vs never: odds ratio = 26.93, 95% CI = 21.09 to 34.39; both P < .001). The median follow-up was 9.24 years (interquartile range 7.51-10.69), and during follow-up, 1040 lung cancers occurred. The incidence rates of lung cancer per 10 000 person-years in never, former, and current smokers were 2.5, 18.7, and 71.4, respectively.
Of the intervention arm participants, 44 223 completed the SQ. For 16 individuals, information on lung cancer status was absent and they were excluded from external validation, leaving a sample size of 44 207 ( Table 2 ). The median time from last screening chest x-ray to the SQ was 6.5 years (interquartile range 4.97-7.90). The post-SQ median follow-up was 3.04 years (interquartile range 2.53-3.40). Only confirmed incident lung cancers (N = 213) occurring following the SQ were included in the external validation analysis. The incidence rates of lung cancer per 10 000 personyears in never, former, and current smokers were 3.3, 19.3, and 79.9, respectively.
Predictive Model in All PLCO Control Subject Population
In the model 1 sample (PLCO control arm subjects), lung cancer risk increased with age, lower education, lower BMI, family history of lung cancer, presence of COPD, occurrence of chest x-ray in the 3 years before study entry, being a current smoker, pack-years smoked, and smoking duration (Table 3) . For the continuous variables, age, pack-years smoked, and smoking duration, the relationships with lung cancer were statistically significantly nonlinear (Wald P < .001 for all three variables). For BMI, the nonlinear component was not statistically significant.
For model 1 performance, the ROC AUC was 0.859 (95% CI = 0.848 to 0.871; bootstrap optimism-corrected c = 0.857) and the optimism-corrected calibration slope was 0.987. The mean and 90th percentile absolute errors were 0.0009 and 0.0025, respectively ( Figure 1 ,A and Table 3 ). These statistics indicate excellent model discrimination and calibration.
In the external validation sample, model 1 demonstrated excellent discrimination overall (ROC AUC = 0.841, 95% CI = 0.813 to 0.870) (Figure 1,B) . Predictive accuracy of the model remained high when the analysis was limited to women, men, whites, or nonwhites (including Hispanics), with ROC AUCs ranging from 0.828 to 0.849 (Table 3) . Model 1 performed well in the PLCO control sample ever-smokers (ROC AUC = 0.807, 95% CI = 0.794 to 0.820) but less so in control subject never-smokers (ROC AUC = 0.662, 95% CI = 0.598 to 0.725). When model 1 was applied to the external validation sample smokers and never-smokers separately, the respective ROC AUCs were 0.784 (95% CI = 0.753 to 0.815) and 0.597 (95% CI = 0.455 to 0.740).
Predictive Model in PLCO Ever-Smokers
Lung cancer is uncommon in never-smokers, and it is expected that lung cancer prediction models will most often be applied to smokers. A model intended for use in smokers that is developed in smokers may outperform a model developed in a general population. Model 2 was designed as a lung cancer risk prediction model based on PLCO control arm ever-smokers only (Table 3 ). The unadjusted probability of developing lung cancer increased with age, pack-years, and smoking duration, but decreased with quittime ( Figure 2,A-D) . In model 2, significant nonlinear components were observed for age, pack-years, and quit-time (Wald P = .001, <.001, and = .01, respectively). Smoking duration and quit-time were highly negatively correlated (r = 2.87). In the presence of quit-time, duration no longer demonstrated a significant nonlinear effect (Wald P = .44), and when modeled together the effect of quit-time dominated duration.
When sex, race/ethnicity, or black men vs other sex-race groups pooled were added to model 2, they did not contribute substantially to the model. The respective likelihood ratio test P values were .79, .20, and .26. Furthermore, adding black men vs other sex-race groups pooled did not contribute to predictive discrimination. The ROC AUCs for model 2 with and without the variable for black men were 0.809 (95% CI = 0.796 to 0.822) and 0.809 (95% CI = 0.796 to 0.822) (P = .46 for difference in AUCs), respectively.
For model 2 performance, the ROC AUC was 0.809 (95% CI = 0.796 to 0.822; bootstrap optimism-corrected c = 0.805), and the optimism corrected calibration slope was 0.979. The mean and 90th percentile absolute errors were 0.0014 and 0.0029, respectively (Table 3 and Figure 1 ,C). These statistics indicate excellent discrimination and calibration for model 2. # Time in years since ever-smokers permanently quit smoking.
** Pack-years is the average number of packages of cigarettes smoked per day times the number of years smoked.
In external validation in the PLCO intervention arm eversmokers, model 2 demonstrated high discrimination overall (ROC AUC = 0.784, 95% CI = 0.745 to 0.824; Figure 1,D) . Predictive accuracy of the model remained high when the analysis was limited to women, men, whites, or nonwhites (including Hispanics), with ROC AUC ranging from 0.778 to 0.876 (Table 3) .
ROC AUCs were compared between the full model 2 (Table 3) The predictive performance of a quadratic model analogous to model 2 (model 2b) but which uses quadratic terms in place of restricted cubic splines and allows comparison of the two modeling procedures was slightly below that of model 2 (external validation sample ROC AUC 0.779 vs 0.784; Table 4), and it is not as well calibrated according to the Hosmer-Lemeshow goodness-of-fit test (P = .008). Cox models (models 1c and 2c, Table 5 ) were prepared with the same predictor variables as in models 1 and 2. The hazard ratios were similar in direction, magnitude, and statistical significance to the odds ratios produced by the corresponding logistic regression models (Table 5) , and the Cox model c statistics were close to the ROC AUCs from the logistic models. The Cox model performed slightly better than the logistic model, most likely because it uses accurate time-to-follow-up data and deals effectively with subjects lost to follow-up.
Discussion
Prediction models 1 and 2 demonstrated high discrimination and calibration. When both models were applied to the external validation sample, the ROC AUCs declined but remained high overall. The ROC AUCs also remained high in external validation for subsamples of women, men, whites, and nonwhites separately. In addition to model 2 variables, sex, race/ethnicity, and black men vs other race-sex groups pooled did not appear to be important predictors. Etzel et al. (13) developed a lung cancer risk prediction model in African Americans because existing models had been developed in whites, levels of risk are different for risk factors that African Americans share with whites, and unique group-specific risk factors exist for African Americans. (13) Our models appear to work equally well in whites and nonwhites. Our estimates of ROC AUC corrected for overfitting by bootstrap were higher than those observed in the external validation sample, which is expected because it is difficult to bootstrap all phases of model development (42) . For example, all phases of variable selection and evaluation were not bootstrapped, and the external validation sample differs in unmeasured ways from the development sample, and this was not accounted for in bootstrap validation.
To facilitate interpretation of model 2, a nomogram was prepared to allow estimation of the 9-year probability of lung cancer given an individual's specific risk factors. Individuals, patients, clinicians, and researchers can use this graphic tool to estimate lung cancer risk. The nomogram (Supplementary Figure 1, available online) converts specific variable level values into points, sums the points, and converts the overall point total for all predictor variables into the probability of lung cancer risk according to the logistic model 2.
To date, several lung cancer risk prediction models have been proposed. Most authors presented the ROC AUC or c statistic as the primary measure of predictive performance, but few have presented calibration data. Doll and Peto (6) and Prindiville et al. (7) described lung cancer risk prediction models but did not present predictive performances. Bach et al. The predictive performance statistics of our models are not directly comparable with those of other models because differences in distributions of predictor variables can affect performance statistics (47) . However, because our models include new predictor variables, including socioeconomic status (education), BMI, history of recent chest x-ray, and COPD; an increased number of smoking variables; and inclusion of nonlinear effects, they may have better predictive accuracy than older models. Socioeconomic status may function as a predictor of lung cancer because it is a marker of unmeasured environmental, occupational, or behavioral exposures. Higher BMI has been associated with reduced risk of lung cancer in several studies (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) . Some research suggests that this association might have a biological basis. Both smoking-related DNA adducts measured in peripheral blood lymphocytes and oxidative DNA damage measured by levels of urinary 8-hydroxydeoxyguanosine appear to be inversely associated with BMI, adjusted for smoking (48) (49) (50) . This suggests that lean individuals might be more vulnerable to smoking carcinogen-related DNA damage. Recent chest x-ray may be a marker of pulmonary disease or chronic inflammation and thus serve as a predictor of lung cancer. Smoking is the primary causal agent of lung cancer, and thus it is expected that models describing smoking exposure in greater detail would have improved predictive abilities. Furthermore, many associations in nature are nonlinear, and our models were improved by including nonlinear components. For example, model 2 with nonlinear terms had an ROC AUC of 0.809, and the same model with linear terms replacing the spline terms had an ROC AUC of 0.804, with the difference statistically significant (20.005, 95% CI = 20.009 to 20.001; P = .009). This study had several limitations. The PLCO study participants were aged 55-74 years at study entry and were on average of higher socioeconomic status than the general population and may exhibit a healthy volunteer effect (51), which may limit external generalizability. However, with the exception of educational level, the model predictors appear to have a biological basis that is expected to be independent of age and socioeconomic status. Data on several potentially useful predictors were unavailable for analysis, including exposure to radon, asbestos, secondhand smoke, occupational carcinogens, and history of adult pneumonia. Inclusion of these variables might have added to our risk prediction models. However, because predictors must have strong associations with lung cancer to have an impact on prediction (52) , and these missing predictors have modest associations with lung cancer, their inclusion would have led to only small improvements in prediction. In addition, because our external validation sample came from the same referent population as our model development sample, our models may not perform as well when applied to other population samples.
This work also had several strengths. We used a prospective design, which does not have the methodological weaknesses of case -control studies (10, 11, 13) , which cannot estimate incidence or absolute risk directly, and which is vulnerable to selection and recall biases. In some studies, the case patients and control subjects were matched on age (10,11), sex (11) , and smoking status (10), which prevents effective assessment of these predictors because they have been forced to be similar by study design, and case patients and control subjects were not taken from the same referent population (10) . One study chose "healthy" control subjects as the comparison group for case patients (10), which might lead to selection bias. For example, such sampling could lead to an exaggerated effect for emphysema, if individuals with emphysema were excluded from the control group, but not the case patient group. In contrast, the PLCO sampling was population based and represents many different regions of the United States, resulting in improved internal and external validity. We also used updated statistical methods, including modeling of nonlinear effects using restricted cubic splines and bootstrap correction of predictive performance optimism, which could improve the accuracy of predictive models. For example, Bach et al. (7) placed continuous smoking exposure data into four categories (7) . The loss of information resulting from categorization of continuous data could lead to loss of predictive ability. In another analysis (10), selection of predictor variables for entry into the multivariable models was based on the criterion of P less than .05 in univariate analysis (10) , which could result in important predictors being left out of models more often than when less stringent P are used. In the same study, final multivariable models were also restricted to predictors that had P less than .05, which could result in suboptimal predictive performance (41, 42) . Spitz et al. (10) found associations with lung cancer for some predictors only in subsets of their sample, and criteria for positivity changed from one group to another, which suggests that data exploration, use of optimal cut points, and multiple comparisons may have contributed to their findings. For example, Spitz et al. (10) reported that in former smokers, a family history of at least two of any cancers vs one or fewer was predictive, whereas in current smokers, a family history of at least one smoking-related cancer vs none was predictive (10) . Such analytical practices are likely to lead to overfitting of models and lack of reproducibility (53) .
Because lung cancer was a primary endpoint of the PLCO, and follow-up and monitoring for lung cancer were meticulously maintained, data quality was high. The PLCO is a large mature study with enough outcome events to allow estimation with precision and reduced tendency to overfit models. Because the PLCO trial was not restricted to high-risk individuals, modeling applicable to the general population was possible. External validation of the models provided a realistic sense of the predictive potential of the models.
In future research, it will be important to conduct additional external validations of our models in diverse samples. Although the current models demonstrated high predictive performance, the models can be improved. Genomewide association studies have identified inherited susceptibility variants for lung cancer at chromosomal loci 15q25 (54) (55) (56) , 5p15 (57) (58) (59) (60) , and 6p21 (58) . Future studies should investigate whether genetic polymorphism data contribute independent predictive information to models and whether they explain the predictive effect of family history of lung cancer. Numerous serum biomarkers associated with lung cancer (12, (61) (62) (63) (64) and pulmonary function (65) data need to be evaluated in risk prediction models.
In conclusion, our two lung cancer risk prediction models demonstrated high discrimination and calibration and are expected to be able to discriminate between high-and low-risk individuals.
Other high-quality data sources in cohort settings should be used to validate and extend our findings.
